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Spatial Transformer Network
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Spatial Transformer

Figure 2: The architecture of a spatial transformer module. The input feature map U is passed to a localisation
network which regresses the transformation parameters 6. The regular spatial grid G over V is transformed to
the sampling grid 75 (G), which is applied to U as described in Sect.|3.3| producing the warped output feature
map V. The combination of the localisation network and sampling mechanism defines a spatial transformer.

Understanding Black-box Predictions via
Influence Functions
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INnfluence functions

Goal: Measure change in L(ziest, O, 2,...) @S We increase e.
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Under smoothness assumptions,
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def dL(ztesla gc,zt,am)
Iup.loss(ztraim Ztest) = e

e=0
= —VQL(Ztest, é)THglveL(ztrain: é):

where H; %' LS V2L(z;,0).



Generating Text via Adversarial Training
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